This paper presents experimental results for two adaptive nonlinear controllers applied to a variable reluctance motor (VRM). The rst controller requires both rotor position and velocity (full state) feedback, while the latter is an observer-based backstepping-type output feedback controller, requiring only rotor position measurement. Velocity for the full-state controller is estimated using a high-gain \di erentiating lter." The experimental comparison shows that the observer-based controller provides a better transient response, a smaller steady-state tracking error when gains for both controllers are comparable.
In this paper, we present experimental results for two di erent adaptive nonlinear controllers applied to a VRM test bed. The control problem is trajectory tracking: Given a reference rotor angular trajectory y r (t) (and _ y r (t), y r (t)), synthesize a feedback controller to cause y(t) ! y r (t). The rst result is an adaptive feedback linearization, originally presented in 9], which requires full-state measurement. However, our VRM lacks a tachometer;
only the rotor position is actually measured. Rotor velocity is \measured" by numerically di erentiating the position signal, a common approach in electro-mechanical systems. We
show that this practice results in parameter drift, large tracking error, and even instability.
Our second result is an observer-based backstepping-type adaptive controller which produces estimates of rotor velocity. We show that the latter controller provides improved transient and steady-state performance.
Section 1 presents our VRM model, followed by derivations of the controllers. The adaptive feedback linearizing result appears in greater detail in 9], so our development here is terse. Our experimental results are detailed in Section 2, and conclusions are drawn in 
where x 1 and x 2 are the rotor position and velocity, respectively, and u i , 1 i L is the i th phase current, assumed to be a control input. (This is justi ed in 13], and by our use of current ampli ers.) The nonlinear term i (y)B T (u i ) u models the acceleration generated by the i th stator phase, and is proportional to torque because the rotor inertia is assumed to be constant. Similarly, l (y) l represents the load acceleration. Despite the misnomer, we refer to i (y)B T (u i ) u as the \electric torque," and l (y) l as the \load torque."
The electric torque is a product of three terms: the rst term in a Fourier series in y, M is the number of spline intervals, is the interval size, and P is the number of VRM motor poles. Higher-order Fourier harmonics are easily incorporated | in 9], we use 3 | but the additional notation obscures our development. We refer the reader to 3, 6, 9] and related results for more comprehensive discussion of VRM modeling.
The load torque is the product of a known function l (y), and the unknown parameter l .
Note that any velocity-dependent terms are neglected. For our experiments, l (y) = ? sin(y) represents a gravitational load (a pendulum), and viscous damping is very small. 
where s 2 + c f2 s + c f1 is Hurwitz, and equate the rst two terms on the right-hand side of (4) with v: (6) This is solved for u i , 1 i L using so-called torque-sharing functions (which de ne the electronic commutation), and by inverting one or more of the B-spline functions. In practice, this inversion involves computing the real roots of a quadratic, and is beyond our scope. See where the subscript f, denoting \full-state," is introduced to discriminate between terms for the full-state feedback controller, and the observer-based controller derived in the next section. De ning a positive de nite 2 2 matrix Q f , we solve A T f P f + P f A f + Q f = 0 for P f , and de ne the Liapunov candidate V = e T P f e+ 
gives _ V = ?e T Q f e, where = B T P f e.
In practice, x 2 is not directly measured. Instead, y = x 1 is measured, and x 2 is estimated with a numerical time derivative of y, e.g. (8)- (9), the map between e T ! and loses its strictly-positive-real property, which can result in parameter drift and loss of stability.
Moreover, the bandwidth of the closed-loop system is large, because the feedback control is static. This can excite unmodeled dynamics, resulting in large steady-state errors and parameter drift. Our experimental results presented in Section 2 exhibit all of these e ects.
Observer-Based Adaptive Control
The development in this section is a straight-forward application of the results in 1], Chapter 8. In order to construct an adaptive observer-backstepping controller for (1), we rst need to design an observer with exponentially stable error dynamics. Consider the signal b x(t) = (t) + (t) l + (t) u ; (11) where 2 R 
In the second stage of the design, V 1 is augmented to include z 2 and an additional damping 
Once 2 is determined, u i is computed using (27), just as in (6), for 1 i L. Experimental results are plotted in Figures 2-4 . After an initial transient, the tracking error converges to a steady-state periodic signal with amplitude less than 0.2 rad. This error is due to several factors, including unmodeled dynamics (the relation among torque, rotor position and winding current has higher-order Fourier harmonics 9]), and, more importantly, the dynamics of (10). This latter observation can be con rmed by simulating a model of the system, and comparing the steady-state error with that obtained when the actual velocity is used in feedback. When this is done, the maximum (L 1 ) steady-state tracking error for the controller that uses the actual rotor velocity is about 50% of that obtained when using the ltered velocity estimate. Thus, for adaptive VRM control, the \dirty derivative" method of \measuring" velocity using (10) strongly a ects performance.
In practice, we nd that increasing ! 0 causes unmodeled dynamics in the motor to be excited, resulting in an audible high-frequency vibration as the rotor turns. This is probably the stator poles vibrating. Decreasing ! 0 reduces this noise, but results in an increased steady-state tracking error. We remark that a dead-zone could be introduced to prevent the slight parameter drift that results.
Parameters for the observer-based controller are listed in Experimental results are plotted in Figures 5-7 , using the same scale as in Figures 2-4 . A comparison shows that the observer-based controller provides a superior transient response, despite the additional observer dynamics. Moreover, the steady-state tracking error z 1 is approximately half that seen in the full-state experiment. We remark that, although the observer states are initialized at the \true" initial condition (the origin), the observer error dynamics are excited, i.e., " moves away from the origin, because y r is discontinuous at t = 0.
One nal advantage of the observer-based control is not apparent from the plots: During the observer-based control experiment, the motor is quieter in an audible sense than during the full-state experiment. Apparently, the full-state controller causes the stator poles to vibrate because of its wide bandwidth. On the other hand, the observer-based controller \rolls-o " the closed-loop dynamics, preventing excitation of high-frequency unmodeled dynamics.
Conclusions
A review of the literature indicates that backstepping is applied largely to electro-mechanical systems, e.g. motors. In practice, states of these systems include positions and velocities;
often only the former is directly measured. It is common practice to di erentiate this signal to produce an estimate of velocity, and then apply results that require full-state measurement.
This paper illustrates the pitfalls such an approach with the VRM, and the advantages of using the recently developed output-measurement adaptive backstepping methods. 
